Purpose The Oxford Knee Score (OKS) is a validated 12-item measure of knee replacement outcomes. An algorithm to estimate EQ-5D utilities from OKS would facilitate cost-utility analysis on studies analyses using OKS but not generic health state preference measures. We estimate mapping (or cross-walking) models that predict EQ-5D utilities and/or responses based on OKS. We also compare different model specifications and assess whether different datasets yield different mapping algorithms. Methods Models were estimated using data from the Knee Arthroplasty Trial and the UK Patient Reported Outcome Measures dataset, giving a combined estimation dataset of 134,269 questionnaires from 81,213 knee replacement patients and an internal validation dataset of 45,213 questionnaires from 27,397 patients. The best model was externally validated on registry data (10,002 observations from 4,505 patients) from the South West London Elective Orthopaedic Centre. Eight models of the relationship between OKS and EQ-5D were evaluated, including ordinary least squares, generalized linear models, two-part models, three-part models and response mapping.
Introduction
Although condition-specific health-related quality-of-life (HRQoL) measures may be more sensitive and [1, 2] sufficient to assess efficacy, comparing incremental costeffectiveness between conditions requires generic measures, such as the EQ-5D [3] [4] [5] , that give health state preferences or utilities [1, 2] . Utilities are needed for calculation of quality-adjusted life-years (QALYs) and are scaled such that one equals perfect health, zero indicates death and negative values represent health states worse than death.
EQ-5D, the most widely used utility scale [6] , includes five questions on mobility, self-care, pain, usual activities and anxiety/depression, each with three response levels [3] [4] [5] . Utility valuations for all 243 EQ-5D health states are based on time-trade-off valuations by 3,395 members of the UK general public [3, 4] . Alternative tariffs have been developed for other countries [7] .
There is growing interest in algorithms that map one HRQoL measure onto another, thereby enabling estimation of QALYs from trials that include condition-specific measures but not utility instruments [8] [9] [10] . Most mapping studies use regression methods to directly predict utilities from responses or scores on condition-specific measures [8, 9] . However, response mapping models predicting patients' responses to a multiattribute utility measure provide an alternative approach [9, [11] [12] [13] [14] [15] . Response mapping may provide better utility predictions as well as giving richer insights into the relationship between the two instruments, predicting the domains most affected by disease or treatment and calculating utilities for any tariff [11] .
The Oxford Knee Score (OKS) is a widely used HRQoL measure that was developed and validated for the assessment of outcomes following knee replacement in comparative trials and cohort studies [16] [17] [18] . OKS is also increasingly used to assess eligibility for primary [19] or revision surgery [20] , although it was not designed or validated for this purpose. It is also administered routinely to assess the performance of hospitals or surgeons in the UK and New Zealand Patient Reported Outcome Measures (PROMs) initiatives [21] [22] [23] [24] . OKS includes 12 questions on knee symptoms and function, each with five levels. Scores on each question, which range from 4 (no problems) to 0 (severe problems), are summed without weighting to produce total scores ranging from 0 to 48 [18] .
Since its development in 1998, OKS has been used in many large trials and cohort studies assessing the long-term durability of knee components that did not include utility measures [17] . A mapping algorithm predicting utilities from OKS would enable long-term data from these studies to inform cost-utility analyses.
This study estimates mapping models to predict utilities and/or responses to the three-level EQ-5D questionnaire based on responses and scores on the OKS. We also compare the performance of different mapping models and assess whether different datasets yield different mapping algorithms.
Methods

Data
Estimation datasets
Data from the Knee Arthroplasty Trial (KAT) and the UK PROMs initiative were combined to provide a large, diverse sample of knee replacement patients on which to develop a robust mapping algorithm and to test whether mapping models are sensitive to the dataset used. Following best practice [10] and to avoid over-fitting during model selection, 25 % of patients were allocated to the internal validation sample using computer-generated random numbers. All questionnaires from these patients were excluded from estimation models and were instead used to assess the prediction accuracy of each model and select the final model specification. The estimation sample and internal validation sample were then combined to estimate the final model, which was externally validated on a third dataset.
KAT comprised a randomized trial comparing different types of knee prosthesis, in which 2,352 patients underwent total knee replacement in the UK between 1999 and 2003. Patients completed OKS and EQ-5D pre-operatively, three and 12 months after knee replacement and annually thereafter for 8-11 years to date. All questionnaires received by 4 May 2011 that had complete responses to OKS and EQ-5D were included in mapping analyses, giving an estimation dataset of 12,961 questionnaires from 1,690 patients.
Within PROMs, all patients undergoing knee replacement in England are sent OKS and EQ-5D questionnaires pre-operatively and 6 months afterwards [22, 23] . We analyzed PROMs data on admissions for knee replacement up to 31 December 2010 that included 162,066 questionnaires with complete OKS and EQ-5D data from 106,320 patients. All questionnaires with complete data on EQ-5D and OKS were included in mapping analyses regardless of whether pre-and post-operative data were linked. This provided an estimation sample of 121,308 observations from 79,523 patients.
External validation dataset
The external validity of the best mapping algorithm was tested using a dataset from the Elective Orthopaedics Centre (EOC) that was not made available to the authors until after the final model was selected. This comprised a large observational cohort of patients undergoing hip or knee replacement at an NHS treatment centre serving four NHS trusts in South-West London from January 2004 onwards [25] . Patients completed EQ-5D and OKS preoperatively and 6, 12 and/or 24 months afterwards. Although recruitment is ongoing, our analysis included only patients undergoing primary or revision knee replacement before 31 March 2009 to avoid overlap with PROMs. After excluding patients with incomplete data on OKS and/or EQ-5D, this external validation dataset included 10,002 observations from 4,505 patients.
Statistical methods
Model estimation
We first estimated direct utility mapping models by regressing responses to individual OKS questions directly onto EQ-5D utility using four functional forms:
• Ordinary least squares (OLS) regression.
• Generalized linear models (GLM) with log link or gamma family predicting EQ-5D disutility (where disutility = 1 -utility), which allow for the skewed distribution of utility values and prevent prediction of utilities [1.
• Fractional logistic models, which constrain predictions to lie within the range determined by the EQ-5D tariff (1 to -0.594 [4] ). These were implemented by using GLM with binomial family and logit link to predict utility 0-1 , where utility 0-1 = (utility ? 0.594)/1.594.
Two-part models were used to allow for the 9.6 % (17,184/179,482) of observations reporting perfect health (utility of one) on EQ-5D. For such models, the first part comprised a logistic regression model estimated on the entire estimation sample to predict which patients had perfect health, while the second part comprised an OLS model predicting EQ-5D utilities for those patients with utility \1.
We also developed and evaluated three-part models since 45.9 % (48,318/105,235) of pre-operative questionnaires indicated severe problems on C1 EQ-5D domain and therefore had substantially lower utility due to the N3 term in the EQ-5D tariff [4] . The first part of this model comprised multinomial logistic regression (mlogit) to predict whether patients had perfect health, severe problems on C1 EQ-5D domain or only mild-moderate problems. The second and third parts comprised OLS models to predict EQ-5D utility for the subset of patients with severe problems on C1 EQ-5D domain and for those with only mildmoderate problems, respectively.
We also used response mapping to predict the response level that patients selected for each of the five EQ-5D domains. These were estimated by fitting a separate mlogit or ordinal logistic regression (ologit) model for each EQ-5D domain, as described previously [11] .
The explanatory variables for all models comprised 48 dummy variables indicating whether or not patients had a particular response level on each OKS question; response level 4 (no problems) comprised the comparison group. However, all models were also evaluated using two alternative sets of explanatory variables: 12 OKS question scores (rankings from 0 to 4); and total OKS (measured from 0 to 48 [18] based on unweighted summation of question scores). We also investigated whether adding sex into the best performing model improved prediction accuracy; to ensure that the mapping algorithm can be applied to all datasets, no other patient characteristics were added.
All models were estimated in Stata version 11 (StataCorp, College Station, TX). For all models, the cluster option within Stata was used to adjust standard errors to allow for clustering of observations within patients. Standard errors from two-part, three-part and response mapping models were also adjusted using seemingly unrelated regression to allow for correlations between EQ-5D domains [26] .
Assessing model performance
Predicted EQ-5D utilities were estimated for each mapping model. Predictions from direct mapping models were estimated using the predict post-estimation command, with direct back-transformations applied to predictions from GLM and fractional logit models. For OLS models, any utilities predicted to be[1 were set to one. For two-part models, the expected utility for each patient was estimated as
where U equals the predicted utility conditional on imperfect health and Pr(Utility = 1) the predicted probability of having perfect health. Similarly, for three-part models,
where Pr(N3) indicates the probability of having severe problems on C1 domain, U N3 the predicted utility conditional on this and U mild-moderate the predicted utility conditional on mild-moderate problems.
For response mapping models, the highest probability method (assuming that patients have the EQ-5D response level for which the predicted probability from multinomial/ ordinal logistic regression is highest) has been shown to give biased predictions, and, in particular, underestimates the probability that patients will have severe problems [11, 14] . Instead, we generated predictions from response mapping models using the expected value method [14] . This is equivalent to the Monte Carlo method [11] given a large number of repeated Monte Carlo draws [14] .
Models were selected based on the mean squared error (MSE) in the combined internal validation sample, where MSE equals the mean of squared differences between observed and predicted EQ-5D utility. Mean absolute error (MAE, the mean of absolute differences between observed and predicted EQ-5D utility) was also calculated.
Two further analyses assessed whether different datasets produced significantly different mapping models. Firstly, mapping models were estimated on the combined estimation dataset with a full set of interaction terms capturing the effect of data coming from KAT rather than PROMs on the coefficients for each OKS response. Secondly, each mapping model was re-estimated separately using each dataset to assess whether the model giving best predictions differed between datasets.
Results
Exploratory data analysis
Across both KAT and PROMs, patients had poor preoperative HRQoL, with mean OKS of 18.6 (SD: 7.9; range: 0, 48; Table 1 ) and mean utility of 0.39 (SD: 0.32, range: -0.594, 1), which is lower than those reported for many forms of cancer or cardiovascular disease [27] . In particular, 87.5 % (92,124/105,235) of patients had problems with mobility, usual activities and pain pre-operatively. HRQoL improved substantially following knee replacement to a mean OKS of 33.8 (SD: 10.2; range: 0, 48) and mean utility of 0.70 (SD: 0.27; range: -0.594, 1). Like some previous mapping datasets [10] , post-operative EQ-5D utilities followed a trimodal distribution (Fig. 1) .
Total OKS was highly correlated with EQ-5D utility (R 2 = 0.61; p \ 0.001). All OKS items showed significant Spearman's rank correlations with all EQ-5D domains (p \ 0.0001), and all OKS and EQ-5D questions loaded strongly onto a single component explaining 40 % of the variance in pre-operative scores and 54 % post-operatively. Plotting mean utility against OKS question ranking suggested that response levels were approximately linear with respect to utility for all OKS items other than pain (which showed a larger drop in utility between levels 0 and 1 than between other levels) and washing/drying, walking, shopping and going downstairs (which showed a much smaller drop between levels 0 and 1).
Comparison of mapping model specifications
Eight mapping functions were evaluated using the combined estimation dataset (Table 2) , which comprised 134,269 observations of 81,213 patients drawn from both the KAT and PROMs datasets.
Across all functional forms, models using dummies indicating responses to OKS questions as explanatory variables produced better predictions than those using question or total scores (data not shown). However, all models using OKS responses as explanatory variables showed some logical inconsistencies in coefficient values that contradicted the implicit ordering whereby OKS response level 4 is unambiguously best, followed by level 3, 2, 1 and then 0.
Based on MSE, the primary measure of prediction accuracy, a response mapping algorithm using mlogit gave best predictions (MSE: 0.0356; Table 2), followed by the threepart model (MSE: 0.0358). However, the three-part model had lower MAE than mlogit (0.1338 vs 0.1341). The ologit response mapping (MSE: 0.0359), two-part model (MSE: 0.0360) and OLS (MSE: 0.0363) also performed reasonably well. However, fractional logit and GLM models gave relatively poor predictions (MSE: 0.0367-0.0397) and systematically underestimated utilities by an average of 0.00063-0.0025. The mlogit model also overestimated utilities for those with utility \0.5 by less than any other model (mean residual: 0.160, vs 0.162-0.170) but underestimated utilities for patients with utility C0.5 by a larger amount than any model other than ologit or GLM with gamma link (mean residual: -0.078, vs -0.075 to -0.076).
Impact of dataset on results
The relative performance of different model specifications differed between datasets (Fig. 2 ). When models were estimated using KAT data, a two-part model performed best in the KAT internal validation sample (MSE = 0.0331). However, mlogit performed best (MSE = 0.0356) among the models estimated on PROMs. Models estimated using the PROMs dataset gave more accurate predictions than those fitted on KAT for both pre-operative and postoperative observations. Models fitted on the PROMs or combined datasets also had up to 20 % fewer OKS items with counter-intuitive signs or rankings and converged more easily than those estimated using KAT.
We then fitted the best five models to the combined dataset with a full set of interaction terms capturing the effect of dataset on coefficient values. This suggested that 15-27 % of coefficients differed significantly between datasets (p \ 0.05). Notably, all coefficients for the work OKS item were significantly higher and those for washing/ drying were significantly lower for KAT than PROMs unless questionnaires more than 6 months post-operation were excluded, probably due to the effect of ageing and retirement during the longer KAT follow-up. However, cross-validation prediction accuracy was good, with a two-part model fitted using KAT data having an MSE of 0.0361 in the PROMs validation sample and the mlogit PROMs model having an MSE of 0.0338 in KAT.
The predictions from models estimated on the two datasets were also very similar: the mean absolute difference in predictions between the two-part model estimated on KAT data and the mlogit PROMs model was 0.031 (p \ 0.0001), while the difference in predicted change from baseline at 3-6 months was 0.0042 (p = 0.003). Both models accurately predicted the mean utility in the other dataset: the mlogit PROMs model predicted the mean utility in KAT to be 0.665, vs an observed value of 0.654, while the two-part KAT model predicted the mean PROMs utility to be 0.496 vs an observed value of 0.503. Coefficient values and choice of model also differed between preand post-operative observations, although models of pre-operative utilities predicted post-operative utilities well (MSE: 0.0277) and vice versa (MSE: 0.0446). Observed EQ-5D utility a b Fig. 1 Distribution of a pre-operative and b post-operative EQ-5D utilities Although the relationship between OKS and EQ-5D differed significantly between datasets and following knee replacement, the magnitude of such differences was very small. Furthermore, mapping models fitted on a heterogeneous population including both baseline and post-treatment observations and those from trials and routine clinical practice are likely to be useful for most practical applications. The mlogit response mapping model fitted on the combined estimation dataset was therefore selected as the best model since it gave the lowest MSE overall for both pre-and post-operative observations. Adding patient sex into this model reduced MSE by only 0.0000073, to 0.03554. The final model (Table 3 ; Appendix 1: Electronic supplementary material) therefore included only OKS responses and was fitted on the entire KAT and PROMs dataset (including the internal validation sample).
The final model accurately predicted EQ-5D utility in the combined KAT/PROMs sample (MSE: 0.0355; MAE: 0.134) and the external EOC sample (MSE: 0.0330; MAE: 0.129). Within EOC, 18 % of predictions were within 0.05 and 42 % within 0.10 of the observed utility value; predicted and observed utilities were strongly correlated (R 2 : 0.69; Fig. 3a) . The predicted proportions of patients with different response levels on each domain were very similar, but were significantly different from the observed proportions (p \ 0.0001, based on chi-squared test in Microsoft Excel 2003): for example, the model predicted that 26 % of EOC questionnaires indicated some anxiety and depression, compared with the 28.5 % (2,848/10,002) observed. The model also accurately predicted mean utility (observed: 0.607; predicted: 0.597) in EOC. Like most mapping models [10] , ceiling and floor effects produced heteroskedastic residuals, causing our model to slightly underestimate utilities for patients with high EQ-5D utility and overestimate utility for patients with low utility (Fig. 3b ). Predicted utilities also had a smaller range (-0.29 to 0.95 vs -0.594 to 1) and standard deviation (0.26 vs 0.32) than observed values.
For all models, prediction accuracy was better for postoperative observations (Fig. 2) and observations with high utility (Fig. 3d) and markedly worse for patients with OKS between 11 and 20 than for those with better or worse knee function (Fig. 3c) . Within the KAT baseline sample, predictions were also less accurate (MSE: 0.043) for those with poor pre-operative general health (ASA grade 3-4) and those with arthritis in other joints. The final model also accurately predicted change in utility following knee replacement (MSE: 0.0656; MAE: 0.192).
Discussion
We have developed a mapping algorithm that accurately predicts EQ-5D utility based on OKS responses; model performance was similar to previous mapping models, which have obtained MAEs between 0.0011 and 0.19 [8] . The mapping model shown in Table 3 can be used to predict responses to the EQ-5D questionnaire and EQ-5D utilities in situations where only OKS has been administered. In particular, this will facilitate cost-utility analyses of the numerous trials and registries that used OKS but no utility measure. Excel and Stata code developed to estimate predictions are available at http://www.herc.ox.ac.uk/down loads, and methods to estimate standard errors around predictions from the variance-covariance matrices of response mapping models (Appendix 1) are under development. The models described require patient-level data on OKS responses, although a simpler model for secondary data is available at http://www.herc.ox.ac.uk/downloads. However, mapping is no substitute for including a utility measure in future studies and does not overcome the limitations of either instrument [10] . In addition to producing more accurate predictions in this study, response mapping models naturally deal with non-Gaussian utility distributions and mirror the way utilities are calculated. Furthermore, while direct mapping models must be developed for specific tariffs, response mapping algorithms can be applied to any three-level EQ-5D tariff available now or in the future [11] . Although prediction accuracy varied with tariff, our algorithm gave accurate predictions of utilities in the external validation sample using the EQ-5D tariffs for Spain, Germany, Netherlands, Denmark, Japan, Zimbabwe and USA (MSE B 0.055). Response mapping also gives richer insights into the relationship between the two instruments, for instance predicting the proportion of patients with different response levels on each domain. However, such models appear to perform much better when estimated on very large datasets. The three-part model specification we developed to deal with the N3 term in the UK EQ-5D tariff also performed very well; this specification may be particularly useful for other mapping applications where severe problems on EQ-5D domains are common.
Our dataset is (to our knowledge) the largest sample used for mapping analyses to date and covers the full range of EQ-5D and OKS scores. In particular, our large sample size appears to have overcome previously cited difficulties with mapping between Oxford Hip Score and EQ-5D, such as lack of overlap between pre-and post-operative scores and poor prediction of anxiety and depression [28] . Although the model performed well overall, predictions were less accurate for patients with OKS between 11 and 20, which appears to be due to uncertainty about which 54.3 % of such patients have severe problems on C1 domain, since MSE did not vary markedly with OKS when observed and predicted utilities were recalculated without the N3 term. The N3 term may also explain the general finding of higher accuracy for healthier patients [8] . However, the performance of our mapping algorithm in populations dissimilar to ours (e.g. patients with early arthritis) or for studies using non-English language questionnaires is unknown.
Although OKS includes questions directly relating to mobility, self-care, usual activities and pain, no OKS questions directly ask about psychological symptoms or strongly predict responses to the EQ-5D anxiety/depression question (mlogit pseudo-R 2 : 0.14 for anxiety/ depression, vs 0.36-0.55 for other domains). Nonetheless, we found that OKS predicts anxiety/depression responses reasonably accurately, probably as pain and poor knee function explain much of the anxiety/depression observed in this population. Nonetheless, any mapping algorithm between OKS and EQ-5D is likely to perform poorly in subgroups of patients who have psychological conditions that unrelated to their knee problems. Our mapping algorithm was also less accurate in patients with comorbidities or arthritis in other joints, probably due to OKS' focus on knee problems. Models using dummies indicating OKS response level as the explanatory variable gave better predictions than those modelling total or question scores. This demonstrates the advantages of modelling response levels for each question whenever the estimation dataset is large enough to estimate coefficients reliably. Regression analyses also indicate that some items (e.g. pain or impact on work) have more effect on utility than others (Table 3 ). OKS total score was nonetheless a strong predictor of EQ-5D, suggesting that the OKS scoring system (which assigns equal weight to all questions and assumes levels are equally spaced given the wording of questions and response levels) is a good measure of HRQoL.
However, coefficients for some OKS response levels had counter-intuitive signs or rankings (Table 3) : for example, the coefficients showing the effect of being unable to walk at all without severe pain (0.35) or being able to walk only around the house (0.86) on having level 2 mobility were lower than the coefficient for walking 5-15 min (0.99). Such inconsistencies were less common in mapping models fitted on the larger PROMs dataset than on KAT, although 57 % of OKS items were inconsistent in the final model (Table 3) . Similar inconsistencies have been observed previously [8, 11, 29] . These inconsistencies could cause the mapping algorithm to predict that a patient's utility had fallen when their OKS profile was unambiguously improved. In principle, items could be omitted or levels merged to give a fully consistent mapping algorithm with higher face validity: particularly as the specific inconsistencies observed appeared to vary between datasets, suggesting that many such inconsistencies occurred by chance. However, we feel that it is more appropriate to use the mapping model giving highest prediction accuracy in the validation sample regardless of inconsistencies, rather than applying ad hoc methods that could give many different ''consistent'' algorithms. Furthermore, we found that omitting/merging OKS levels reduced prediction accuracy, suggesting that inconsistencies may reflect patients' interpretation of the questions or genuine opposition between items.
Model choice and coefficient values were sensitive to the dataset used to estimate mapping models. However, while the predictions and coefficients differed significantly between datasets, such differences are unlikely to be large enough to affect the results of an economic evaluation: Table 3 Regression coefficients for the best model: response mapping model of OKS responses fitted using multinomial logistic regression Other explanations, such as differing patient characteristics or questionnaire translations, are unlikely in this case as cohorts were similar and all questionnaires were completed in English. Although the relationship between OKS and EQ-5D appears to differ slightly between pre-and postoperative observations, using different mapping algorithms for different timepoints could bias cost-effectiveness estimates. Furthermore, adding observations from trial data with long follow-up (KAT) to those from routine data (PROMs) is likely to increase the range of applications to which mapping algorithms can be applied. Nonetheless, differences between datasets highlight the importance of external validation. Selecting models based on performance in an internal validation dataset not used in model estimation helps prevent over-fitting, while external validation provides a more rigorous test of predictive accuracy by assessing performance in a separate, independently collected dataset that was not used for model estimation or selection [10, 30] . Our model gave accurate predictions in both internal and external validation datasets, demonstrating that it is likely to perform well in other comparable populations.
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